De novo protein structure prediction plays an important role in studies of helical membrane proteins as well as structure-based drug design efforts. Developing an accurate scoring function for protein structure discrimination and validation remains a current challenge. Network approaches based on overall network patterns of residue packing have proven useful in soluble protein structure discrimination. It is thus of interest to apply similar approaches to the studies of residue packing in membrane proteins. In this work, we first carried out such analysis on a set of diverse, non-redundant and high-resolution membrane protein structures. Next, we applied the same approach to three test sets. The first set includes nine structures of membrane proteins with the resolution worse than 2.5 Å ; the other two sets include a total of 101 G-protein coupled receptor models, constructed using either de novo or homology modeling techniques. Results of analyses indicate the two criteria derived from studying high-resolution membrane protein structures are good indicators of a high-quality native fold and the approach is very effective for discriminating native membrane protein folds from less-native ones. These findings should be of help for the investigation of the fundamental problem of membrane protein structure prediction.
Introduction
Transmembrane (TM) proteins are estimated to represent 20-30% of the genome and are of great cellular and therapeutical significance (Wallin and von Heijne, 1998; Fleming, 2000; Liu et al., 2002) . Functioning as receptors, transporters or enzymes, membrane proteins mediate a broad range of fundamental cellular activities including signal transduction, cell trafficking and photosynthesis. As a result, TM proteins serve as important drug targets, e.g. the G-protein coupled receptor (GPCR) superfamily of membrane protein accounts for the target for 30-50% of drugs currently available in the market (Drews, 1996; Klabunde and Hessler, 2002) . In disparity to their biological significance, the structure of most membrane proteins remains unknown, comprising less than 1% of structures in the Protein Data Bank (PDB) (White, 2004) . This is mainly due to the challenge of experimentally studying membrane proteins (Karnik et al., 2003) . As an attractive alternative, computational approaches, particularly de novo structure predictions, have played an important role in structural and functional studies of membrane proteins (Visiers et al., 2002; Oliveira et al., 2004; Fanelli and De Benedetti, 2005) , as well as in structure-based drug design efforts (Kontoyianni et al., 1996; Visiers et al., 2002) .
De novo structure prediction of helical TM proteins generally follows a two-stage model for the membrane protein assembly (Popot and Engelman, 1990) . In stage I, the individual TM helices insert into the membrane and fold as a-helices; in stage II, these helices assemble together to form functional TM domains. For a given membrane protein sequence, considerable accuracy for the prediction of its individual TM helices has been achieved by employing a variety of algorithms (Engelman et al., 1986; Bernsel and Von Heijne, 2005; Jones, 2007) . The primary challenge of membrane protein prediction is to assemble individual helices into high-quality tertiary structures (Gimpelev et al., 2004) . Knowledge of the packing pattern in native structures can be of help to this challenging problem (Gimpelev et al., 2004) . It can provide important information for development of accurate scoring functions that can be applied for structure discrimination and validation.
Packing of residues and helices in membrane proteins has been studied extensively via sequence-based and structurebased approaches (Senes et al., 2000; Adamian and Liang, 2001; Ulmschneider and Sansom, 2001) . It has been suggested that clear differences between membrane and soluble proteins exist, in terms of amino acid propensity, packing density and side-chain rotamer frequencies (Eilers et al., 2000; Adamian and Liang, 2001; Eilers et al., 2002; Chamberlain and Bowie, 2004) . On the other hand, close structural similarities are observed between pairs of helices in both membrane and soluble proteins (Gimpelev et al., 2004) . Despite these studies, few scoring functions have been specifically developed to evaluate the quality of TM helical packing. Application of such scoring functions is limited to proteins with the relatively small numbers of TM helices (Fleishman and Ben-Tal, 2002; Park and Helms, 2006) . Very recently, a systematic analysis was reported in which the accuracy of six high-level scoring functions in discriminating native structures of membrane proteins from less-native ones was examined (Gao and Stern, 2007) . All six functions were developed from small-molecule data or soluble protein structures. The best of these functions were suggested to be reasonably accurate for prediction of membrane protein structures.
Residue packing in soluble proteins has been extensively investigated using the network approach (Kannan and Vishveshwara, 1999; Dokholyan et al., 2002; Vendruscolo et al., 2002; Wangikar et al., 2003; Amitai et al., 2004; Atilgan et al., 2004; Muppirala and Li, 2006) . The network approach transforms a protein's three-dimensional structure into a two-dimensional network; amino acid residues are represented as nodes and inter-residue contacts as connectivities linking two nodes (Greene and Higman, 2003) . Such a transformation allows systematic topological analysis of the residue packing in a protein structure in a relatively quantitative way through network and graph theory. This network view of protein structures has proven useful in quantitatively characterizing amino acid residue packing (Muppirala and Li, 2006 ) and for identifying structurally or functionally important amino acid residues (Vendruscolo et al., 2002; Amitai et al., 2004) .
In our previous work, we proposed that the concept of heterogeneous protein packing (Liang and Dill, 2001; Socolich et al., 2005) , in which proteins rely greatly on only a few specific residues, could be utilized to discriminate native structures from deviated ones. To test this hypothesis, a network tool was developed to quantitatively measure the structural contribution of individual amino acid residues within a protein (Muppirala and Li, 2006) . The network pattern of the residue packing in native protein structures appeared to be consistent with the heterogeneous packing concept. Applying this approach to a number of decoy proteins indicated that it indeed identified non-native structures in most test cases (Muppirala and Li, 2006) .
Here, we extended the same network approach to analyze the residue packing topology in a group of diverse, nonredundant and high-resolution helical membrane protein structures. The findings of the study were subsequently applied to three test sets: one set of low-resolution structures of membrane proteins; and two sets of computationally constructed GPCR models, one includes five de novo bovin rhodopsin models, and the other includes 96 homology models based on the bovin rhodopsin X-ray structure. The models in the second GPCR set have the varied sequence identity from 20% to 95% with the bovin rhodopsin sequence. The results illustrate the quantitative values derived from analyzing highresolution membrane protein structures by the network approach are useful in validating and discriminating TM protein models.
Materials and Methods
High-resolution helical membrane protein structure dataset One hundred and twenty nine polytopic helical membrane proteins of known three-dimensional structure were identified from an online membrane protein resource (http://www.mpibpfrankfurt.mpg.de/michel/public/memprotstruct.html, version 30 March 2006). Some proteins contain more than one domain. Therefore, structures determined by X-ray methods at a resolution of 2.5 Å or better in this dataset were searched against the CATH database (Pearl et al., 2003) to create a nonredundant TM domain dataset. If more than one structure within a single CATH superfamily were reported, the one with the best resolution was taken as the representative member. If more than one homologous TM domain within a single structure were available, one was picked randomly. This TM domain dataset was further winnowed using the following criteria: (i) the domain contains at least three TM helices; (ii) the domain has more than 50% of its surface in the TM region being in contact with the lipid; (iii) the domain does not contain a ligand or a large extracellular or intracellular domain that significantly affects the tight packing of its individual TM helices (Fleishman and Ben-Tal, 2002) . Two domains (PDB ID: 1JB0 and 1OKC) were removed from the dataset based on the last criterion. This gave a final dataset of 19 high-resolution, non-redundant TM domains. For each domain within this dataset, the TM helical boundaries were identified based on the PDBTM database (http://pdbtm.enzim. hu/) (Tusnady et al., 2005) . The TM helical assignments in the PDBTM database are determined using only structural information. All loops in the soluble regions, cofactors, ligands and H 2 O molecules were manually removed, since the TM region is the primary focus of the structure prediction of the helical assembly stage.
Structure test sets
To test how useful network measures derived from analyzing high-resolution membrane protein structures were for protein structure discrimination and validation, we took one set of low-resolution membrane protein structures and two sets of GPCR models for our study. To compile the low-resolution structure test set (test set I), the remaining native structures of membrane proteins obtained from the same online database (http://www.mpibp-frankfurt.mpg.de/michel/public/ memprotstruct.html, version 30 March 2006) were screened using the same criteria for deriving the high-resolution dataset, regardless of resolution quality. Nine protein structures with the best resolution of 3.1 Å were identified. They were pre-processed by the same procedures as described earlier.
For the two GPCR test sets, the first set (test set II) includes five de novo constructed bovin rhodopsin models obtained from the GPCRDB database (2006, release 10.0) (Horn et al., 1998) . For the second GPCR set (test set III), the sequence of the bovin rhodopsin receptor was used to search the Swiss-Prot database (Boeckmann et al., 2003) by BLAST (Altschul et al., 1997) with default settings. All the hit sequences were then searched against the MODBASE database (Pieper et al., 2004) . The hits whose entry information in MODBASE satisfied the following criteria were included in the test set: (i) its model was available; (ii) the model was constructed using homology modeling techniques based on the bovin rhodopsin X-ray structure (PDB ID: 1L9H or 1U19) and (iii) its entire sequence identity to the rhodopsin receptor, as reported in the BLAST search, was within 20 -99%. For the models in this test set, depending on their sequence identity to the rhodopsin sequence, they may possess characteristics of native protein structures to a different extent.
Members in test set III were subsequently divided into eight subsets, based on their sequence identity to the bovin rhodopsin GPCR. Ranges included were 90-99%, 80-89%, 70-79%, 60-69%, 50-59%, 40-49%, 30-39% and 20-29%. Models with 95% sequence identity in each subset were deemed redundant and removed. The subsets 70 -79%, 40-49% and 20-29% each included more than 20 members. Therefore, 20 members were randomly selected for each subset for this study. For each model studied, its TM helical boundaries were identified in MOE (Molecular Computing Group Inc., version 2006.08) . The loops of the soluble regions were manually removed to keep only a-helices that lie within the TM regions.
Derivation of networks
To transform an edited TM domain into a network, each residue was considered as a node. Two nodes may be connected with an edge, defined by one of four types of interresidue interactions: hydrophobic interaction, hydrogen bond, ionic bond and disulfide bond. These interactions were determined using the protein contacts function in MOE using default settings as reported previously (Muppirala and Li, 2006) . Employing the default setting, contacts between residues closer than four positions along the sequence were not included in the calculation in an effort to focus on the longrange inter-residue interactions.
Computational analysis
Statistical analysis of the datasets was performed using the network analysis software JProNet developed in our lab. The degree of a node (residue) was defined as the number of edges or connectivities emerging from a node. The average degree of connectivity of a network was calculated by dividing the sum of the degree of all nodes in the network by the total number of nodes.
To evaluate a protein structure or model in any of the three test sets, three sets of criteria were implemented. The first set criterion included primarily the range of the average degree of connectivity per node for all nodes (1.05-1.48). This set was based on studying the high-resolution membrane protein structure dataset and was primarily used for structure validation. To apply, a model whose average degree falls into this range was considered as having native residue packing. The second set criterion included the value of the maximum degree of connectivity in the structure and also the number of residues with that maximum degree of connectivity. This set was adopted from previous studies of soluble protein decoy structures and was used for structure discrimination (Muppirala and Li, 2006) . To apply the second set criterion to a model, if the value of the maximum degree of connectivity of its residues was less than its native structure, it was scored worse than the native one; if the value was higher, it was scored better; and if the value was the same, then the number of residues with that maximum degree was compared. The structure with the higher number scored higher. If this number was also the same, then the scoring was reiterated for the second maximum degree of connectivity and the number of residues with that degree. This comparison process would continue until the degree of connectivity being considered was less than three.
For comparison, GPCR models in test set II and III were also evaluated by the DFIRE scoring function (Zhou and Zhou, 2002) . The DFIRE energy function is a knowledgebased statistical function constructed from a database of 1011 high-resolution soluble protein structures. In the previous studies, the DFIRE scoring function was shown to be among the best for membrane protein structure discrimination (Gao and Stern, 2007) . This score was calculated using DFIRE program.
Results
To characterize the network pattern of the residue packing topology in helical membrane proteins and to explore its application in their structure prediction, the computational approach included several steps: (i) transform a highresolution native structure into a network; (ii) calculate measures of the derived network; (iii) elucidate the characteristics of the network by examining the pattern of these measures and (iv) apply the results to low-resolution structures and computationally constructed GPCR models.
High-resolution membrane protein dataset
By applying a number of criteria to all TM protein structures currently available, a total of 19 high-resolution, nonredundant TM domains were derived as a representative dataset for further analysis (Table I) . Each structure domain within the dataset belongs to a unique superfamily classified in the CATH database. All the structures selected were determined by X-ray crystallography with a resolution of 2.5 Å or better. The number of TM helices contained in this dataset varies quite significantly, ranging from 4 to 13. This dataset represents high-quality, non-redundant TM domain folds Network analysis of membrane proteins currently available, and should be of use to other studies of TM helix assembly.
Average degree of connectivity per node
The average degree of connectivity per node indicates the overall density of the connectivity within a network. For all structures in the dataset, their average degree (1.05-1.48) falls into the average degree range of soluble proteins (0.60-1.62) (Muppirala and Li, 2006) (Fig. 1 ). This suggests that the overall packing of the membrane proteins is contiguous to soluble proteins, despite their different native physical environments, consistent with comparative studies of the helical packing (Gimpelev et al., 2004) . In addition, despite the fact that the number of TM helices contained in the structures in this dataset varies from 4 to 13, their average degrees are all within a relatively narrow range. This would imply relatively homogeneous overall packing across different membrane proteins.
Connectivity pattern of networks
All the structures in this dataset displayed a degree of connectivity distribution resembling the pattern of a scale-free network (Greene and Higman, 2003) , in which a few residues have a large degree of connectivity, whereas the majority have a small degree of connectivity (Fig. 2 ). This pattern is very similar to what has been observed in soluble proteins (Muppirala and Li, 2006) , suggesting a common packing principle underlying both soluble and membrane protein structures. The range of the maximum degree of nodes was from four to seven, again compatible to soluble proteins (three to eight).
Characterization of hub-nodes
An important concept related to scale-free networks is the hub-node, referring to a node displaying significantly higher degree of connectivity. In a scale-free network, hub-nodes are crucial to the stability of the network (Albert et al., 2000) . Therefore, it is desirable to examine them further. Although the degree of connectivity of a hub-node is assumed to be much higher than the average degree in a network, there is generally no quantitative threshold that can be adopted directly. In this study, we chose to define a hub-node, also called a hub-residue for protein structure networks, as a residue with at least three degrees of connectivity. This cutoff was the same as previously used for analysis of soluble proteins (Muppirala and Li, 2006) . The average degree of all nodes for the membrane protein structures in the highresolution dataset ranged from 1.05 to 1.48, a degree of three or higher is statistically significantly higher than that range. Thus, a cutoff of three is consistent with the general definition of hub-nodes (Albert et al., 2000) . Examination of the hub-residues presented in the highresolution structure dataset showed that six hydrophobic amino acids, Ile, Leu, Phe, Val, Trp and Met accounted for 94.7% of the 595 hub-residue positions and four of them, Ile, Leu, Phe and Val accounted for 83.3% (Fig. 3A) . After weighting for amino acid abundance taken from the statistical analysis of UniProtKB/Swiss-Prot protein knowledgebase (release 54.1, http://us.expasy.org/sprot/relnotes/relstat.html) (Boeckmann et al., 2003) , these six hydrophobic amino acids were the most frequent hub-residues, and accounted for 95.7% of the total 595 positions (Fig. 3B ). This observation was also consistent with the studies of soluble proteins (Muppirala and Li, 2006) . The findings suggest hub-residues are predominantly hydrophobic amino acids in both membrane and soluble proteins.
Comparison with nine low-resolution membrane protein structures (test set I)
We showed above that high-resolution membrane protein structures display a similar average degree of connectivity (1.05 -1.48). To determine whether the degree range observed was related to the packing quality of a membrane protein structure, nine low-resolution structures were obtained from the same membrane protein database. Eight were determined using X-ray methods with resolutions between 3.1 and 3.5 Å , the ninth one was determined by cryo-electron microscopy (PDB ID: 1OED). Judged by their resolution, the quality of these structures is lower than the high-resolution structure dataset. Consistently, seven of them had an average degree between 0.837 and 0.944, lower than the lower limit of the accepted range (1.05-1.48) and the eighth one (PDB ID: 1OYE) was at the limit (Fig. 4) . This suggests the average degree range is related to the packing quality of a structure and the specific range (1.05-1.48) derived from high-quality structures may prove a good quality indicator of membrane protein models.
Analysis of five de novo bovin rhodopsin models (test set II)
De novo structure prediction has been extensively used in studying membrane proteins. An important question is to assess the quality of the models that were constructed. The previous comparison studies of the low-resolution membrane protein structures suggested the average degree range (1.05-1.48) may be adopted for evaluating computationally constructed membrane protein models. In our previous network studies of soluble protein structures (Muppirala and Li, 2006) , we demonstrated the network properties of native structures could be employed to discriminate non-native structures from native ones. Specifically, non-native structures had either a smaller value of the maximum degree of connectivity or the Fig. 1 . Average degree of connectivity per residue in the high-resolution structure dataset. The PDB ID for structures 1 -19 is listed in Table I .
V.Pabuwal and Z.Li fewer number of residues with the same maximum degree of connectivity than native structures. Applying the same approach to native membrane proteins showed that they displayed a similar network pattern to native soluble proteins (Fig. 2) . Together, these observations suggested two sets of criteria applicable to membrane protein model evaluation.
To find out how useful these criteria were in model validation and discrimination, five de novo bovin rhodopsin models independently constructed by four research groups were obtained from the GPCRDB database. The backbone of all five models in this test set deviated from the X-ray structure of the bovin rhodopsin with rmsd ranging from 2.9 to 6.7 Å . Consistently, all five models gave an average degree lower than 1.33 of the corresponding X-ray structure (Fig. 5A) . Further, four of the models (A, C, D and E) had an average degree lower than the lower limit of the range (1.05-1.48) and the fifth (B) barely above this limit. Clearly, none of the models displayed the residue packing characteristics as Fig. 2 . Overall pattern of the degree of connectivity for all residues in the high-resolution structure dataset. The number of residues with the degree of zero was not shown, the same for Fig. 5B .
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optimized as in high-resolution native structures and the first set criterion seems to be a good indicator to determine whether the packing of a membrane protein model is similar to that of high-quality protein structures.
For the application of the second set criterion, the maximum degree for four models (A, B, C and D) was five (Fig. 5B) ; for Model E, six. But only one residue in Model E displayed this maximum degree. In contrast, two residues in the native structure of bovin rhodopsin had the same degree of six (Fig. 2) . In other words, all five models scored worse than the native structure by the second set criterion. Overall, the second set criterion performed well in discriminating non-native folds from native ones.
A recent comparative study of six high-resolution scoring functions for discriminating native structures in membrane proteins indicated the DFIRE scoring function was ranked as one of the best. This scoring function was parameterized from soluble protein structures. To compare the performance of our approach, the DFIRE score of these five de novo models along with the X-ray structure was calculated (Fig. 5C ).
Whereas four models (A, B, C and D) had a DFIRE score higher than the rhodopsin X-ray structure, the model E scored even lower.
Application to a homology GPCR test set (test set III)
To test the generality of the findings, the same approach was applied to a carefully compiled test set of 96 GPCR models (Table II) . For a homology model, it is widely accepted that the higher its sequence identity to the template sequence, the better its quality. Therefore, models with the lower sequence identity should display network properties significantly deviated from native structures than those with the higher sequence identity. This test set will function as a decoy set. There are two reasons for choosing the GPCR family as our test case. First, GPCRs are the largest membrane protein family with more than 1000 members and the most important drug targets (Nestler and Landsman, 2001; Klabunde and Hessler, 2002) ; since the structure of only one member of GPCRs is currently available, numerous models of various GPCR proteins have been computationally constructed and made available (Gershengorn and Osman, 2001 ). This would provide a large test set for this study. Second, given the biological and therapeutical importance of the GPCR superfamily as well as the fact that computationally constructed GPCR models are widely used for their structural and functional studies, and in drug design, results of the analysis presented here will be of particular interest to the GPCR community.
Application of the first set criterion to this test set yielded some interesting results. There was a direct correlation between the sequence identity of the models and their average degree of connectivity (Fig. 6A) . The linear fitting R-value was 0.88. All 51 models with the sequence identity to bovin rhodopsin below 60% displayed an average degree less than 1.05. This further confirmed that the range of the average degree (1.05-1.48) derived from high-resolution native structures is a good indicator of the packing quality for a given model. Interestingly, 18 models with sequence identity between 60% and 80% also displayed an average degree less than 1.05. This suggests residue-packing optimization is still necessary even for homology models with sequence identity well above the 30% threshold.
Application of the second set criterion demonstrated that this also worked well in discriminating non-native structures. Among 96 model structures, all those with sequence identity below 80% scored worse than the bovin rhodopsin native structure (Table III) , whereas for models above 80%, four Fig. 4 . Average degree of connectivity per residue in the low-resolution structure dataset. The PDB ID for structures 1 -9 is: 1, 1FFT (resolution 3.5 Å , chain C00); 2, 1Q90 (resolution 3.1 Å , chain B00); 3, 1L7V (resolution 3.2 Å , chain A); 4, 1OYE (resolution 3.48 Å , chain A); 5, 1PW4 (resolution 3.3 Å , chain A); 6, 1PV6 (resolution 3.5 Å , chain A); 7, 1OED (resolution N/A, chain A); 8, 1RH5 (resolution 3.2 Å , chain A); 9, 1XFH (resolution 3.5 Å , chain A). Horizon line, the lower limit of the average degree range (1.05-1.48). Table I available at PEDS online). There are two possible reasons for this observation. First, it simply reflected the specific fold of those GPCR proteins; second, it was due to the relatively low sequence identity with the template bovin rhodopsin sequence. As a result, these models themselves were not optimized to their corresponding native packing. Considering the fact that their average degree values were lower than native structures, this factor possibly played a role.
V.Pabuwal and Z.Li scored better (Supplementary
For the DFIRE scoring function, a direct correlation between the sequence identity of these models with the bovin rhodopsin template and their DFIRE score was also observed, although the linear fitting R-value was lower as 0.75 (Fig. 6B ). More surprisingly, models scored lower than the rhodopsin X-ray structure displayed the sequence identity range of 22-95%. Further, almost all 57 models with the sequence identity above 60% had a lower DFIRE score than the rhodopsin X-ray structure.
Discussion
De novo protein structure prediction faces two fundamental challenges: the development of effective methods for conformation sampling and the development of an accurate function for structure discrimination (Bradley et al., 2005) . For helical membrane proteins, the lipid environment has greatly reduced the number of conformations possible to adopt. This has led to works that report, for small TM proteins, conformational sampling can be accomplished with current computational power (Bowie, 1999; Sale et al., 2004;  I  90-99  O62793, P51489, P02700, O62796, O62798  II  80-89  O13227, Q90215, P52202, Q90245, P41591, P35359, P56515, P22328, O42268, Q9YH00, Q98980, P56516,  Q8HY69, P29403  III  70-79  P35357, Q9YGZ1, O42307, P51488, Q9YGZ4, O93441, P79807, P79812, P35403, P79863, Q9YGZ3,  Q9YGZ0, P79911, O93459, Q9YGZ5, Q9YH02, Q9DGG4, Q9YGY9, P32312, Q9W6A6  IV  60-69  P51471, Q9W6A5, Q8AYM8, P51474, Q8AYM7, P87366  V  50-59  P51472  VI  40-49  Q9W6A9, P51490, P32310, P28682, O13092, O35476, P34989, Q7T3Q7, P51476, O42490, Q8AYN0,  P41592, P22332, P32313, O18913, Q90309, O57605, P28684, P87368, P51473  VII 30-39 Q9H1Y3, Q9WUK7, P24603, P22330, P22331, P35358, O13018, O42266, P22329, O12948 VIII 20-29 O57422, Q5YKK9, P08255, P29404, P17646, O01668, Q17296, O18486, O16005, O14718, O02813, Q28558, Q9JHG3, P49660, Q8BZ39, P35346, P21452, P25931, Q9MYW9, Q13585 (Baldwin et al., 1997) and Model E, described in Herzyk and Hubbard (1998) . Upper horizon line, the average degree of rhodopsin X-ray structure (1.33); Lower horizon line, the lower limit of the average degree range (1.05-1.48). (B) Overall pattern of the degree of connectivity for all residues in the five de novo bovin rhodopsin models and the bovin rhodopsin X-ray structure. Filled squares, the bovin rhodospin X-ray structure. (C) The DFIRE score for the five de novo bovin rhodopsin models versus their backbone rmsd to the bovin rhodopsin X-ray structure (PDB ID: 1U19). Horizon line, the DFIRE score of the rhodopsin X-ray structure (2314.87 kcal/mol). Table III . Scores of GPCR homology models compared with the native bovin rhodopsin structure based on the second set of criteria Number Sequence identity range to bovin rhodopsin (%)
Number of homology models
Number of models scoring better Network analysis of membrane proteins Park and Helms, 2006) . Since computational modeling plays significant roles in the studies of TM proteins as well as for drug design efforts, developing reliable scoring functions for model evaluation and conformation discrimination becomes an urgent task. Transformation of a three-dimensional protein structure into a two-dimensional network provides a powerful way to quantitatively characterize the topology of the residue packing in native soluble proteins (Jacobs et al., 2001; Gupta et al., 2005) . Various aspects of protein structure-function relationships have been explored using this approach. In our previous work (Muppirala and Li, 2006) , we adopted this approach in the analyses of a diverse set of native soluble protein structures and subsequently applied the findings to a set of decoy structures. It was demonstrated that the findings could be utilized for discriminating non-native structure folds from native ones.
In this work, we sought to see if the same approach could help discriminate non-native structures from the native ones for helical membrane proteins. As the first step, we compiled a diverse and non-redundant TM domain dataset by systematically analyzing all the reported high-resolution X-ray structures. Every member in our dataset represents a unique superfamily in the CATH database. Extensive inter-helix interactions exist among its individual helices. This ensures that inter-helix interactions are the major contributors to the tertiary structure observed. The average degree of connectivity derived from this high-resolution native dataset falls in a relatively narrow range (1.05 -1.48). This narrow range suggested that it might serve as an additional quality indicator for computationally constructed models.
There are some concerns with the selection of this dataset. One area of concern is whether the dataset should be expanded to include membrane protein structures with resolutions worse than 2.5 Å . As the networks generated were constructed from atom-atom interactions in the native structures, e.g. a disulfide bond was defined as two sulfurs within a distance cutoff of 2.5 Å , this approach is sensitive to the resolution of the structure. Indeed, seven of the nine lowresolution (.2.5 Å ) membrane protein structures studied had an average degree lower than the lower limit of the average degree range derived based on this high-resolution dataset (Fig. 4) . Further exploration of the relationship between the average degree of a network and the resolution of the structure was conducted using structures of bacteriorhodopsin protein solved at various resolutions (Supplementary Table II available at PEDS online). These data indicated that increasing the resolution value, the average degree of the network decreases, evident with an approximately linear relationship between these factors with the linear fitting R-value of 0.79 ( Supplementary Fig. 1 available at PEDS online) . Clearly, using high-resolution structures is essential to the derivation of accurate scoring functions for the structure prediction purpose.
Another concern with this dataset is that some of the structural domains included have ligands at their binding site. The presence of the ligands might impact the helix packing in those structures, and subsequently the scoring functions derived based on them. The inclusion of these ligand-binding structures is mainly due to the fact that the number of highresolution helical membrane protein structures available is quite limited. The potential impact could come from two aspects. First, ligand-binding might cause significant conformational changes in proteins; and second, the direct interactions between the ligands and the protein pose a problem of whether or not such interactions should be taken into account while developing scoring functions.
Despite the lack of data that will allow direct comparison studies of particular proteins with and without ligand bound, we believe the effects due to the inclusion of those ligandbinding structures in the native dataset are likely to be negligible for several reasons. First, we imposed a series of criteria to ensure that for the structures included, inter-helix interactions were predominant. Second, examining the average degree range of those structures with ligands and those without ligands in Table I indicates that the range of the former group (1.05-1.48) is even wider than that of the latter group (1.09-1.26). Currently, only the lower limit Fig. 6 . (A) Average degree of connectivity per residue of all models in the GPCR homology test set versus their sequence identity to bovin rhodospin. The R-value for the fitted straight line is 0.88. Upper horizon line, the average degree of rhodopsin X-ray structure (1.33); Lower horizon line, the lower limit of the average degree range (1.05-1.48). (B) The DFIRE score of all models in the GPCR homology test set versus their sequence identity to bovin rhodospin. The R-value for the fitted straight line is 0.75. Horizon line, the DFIRE score of the rhodopsin X-ray structure (2314.87 kcal/mol).
(1.05) is used in studying the three test sets, and removing the former group would not affect the analyses. Third, the bovin rhodopsin structure with retinal in its binding site has been extensively adopted for homology modeling of other GPCR proteins having various native ligands, and these models are successfully used for their structure-function studies and structure-based drug design efforts (Becker et al., 2003; Fanelli and De Benedetti, 2005) . Fourth, fluorescence analyses of the beta adrenergic GPCR receptors have shown that antagonist binding, equivalent to the case of cis-retinal binding to bacteriorhodopsin and rhodopsin structures included in the native dataset, caused no conformational changes in the receptor (Ghanouni et al., 2001) .
To address whether the direct interactions between ligands and proteins should be taken into account, 10 structures with ligands were re-analyzed by taking such interactions into account (Supplementary Table III available at PEDS online). Clearly, the impact of taking these interactions into account as shown by the data is small. The only relatively large change was observed for the Escherichia coli formate dehydrogenase (PDB ID: 1KQF). This was because there were two heme groups present in the binding site and both of these groups formed interactions with the protein.
An additional concern with this dataset is that some of the structural domains included exist as oligomers, although the focus of this work is on the packing of a single monomer. Including them might potentially affect the derived scoring functions. In an attempt to address this concern, we have analyzed two bacteriorhodopsin structures existing in the dimer (PDB ID: 1XJI) and the trimer (PDB ID: 1C3W) form, respectively, using the same approach described in the Materials and Methods section. The average degree for the monomers in both oligomers is very similar, 1.36 for the dimer and 1.32 for the trimer, with both falling nicely into the average degree range of 1.05-1.48. This limited analysis seemed to suggests that the oligomerization under the crystallization conditions exerts little impact on the overall packing of individual monomers. It would be prudent, however, to consider a much larger dataset in the future in order to draw a general conclusion on this issue.
A related question to consider is for proteins existing as oligomers, whether the network analysis can be carried out on the oligomer itself, instead of on just the individual monomers comprising the oligomer. In principle, this shifting will result in additional inter-residue interactions to be included in the analysis, subsequently a net increase in their average degree. Such interactions would involve residues from two monomers. Depending on the nature of the oligomers, i.e. the intensity of the inter-monomer interactions and the monomer surface area involved in forming such interactions, the net increase in their average degree could vary (Supplementary Table IV available at PEDS online). Overall, a small change in the average degree range (1.20 -1.54) was obtained. As the increase in the lower limit of this average degree range was relatively small, it seems possible that the scoring function can be applied to oligomers having a small number of monomers at least. However, it is important to keep the differences in the degree calculation in mind.
To validate the usefulness of the derived scoring functions, two GPCR test sets were studied additionally. The first set includes only de novo constructed bovin rhodospin models submitted to the GPCRDB database. Owing to the limited number of membrane protein structures available, de novo structure prediction plays an important role in membrane protein studies. This set provided an opportunity to evaluate the quality of the models constructed by this approach using network measures. Five models submitted by four independent groups were obtained. All five displayed the backbone deviation from the corresponding X-ray structure. Applying two sets of criteria, all five models scored worse than the X-ray structure, demonstrating the usefulness of these criteria.
The second test set includes 96 GPCR models (Table II ) constructed using homology modeling techniques since we could not find more de novo models for analysis. Members in this set showed varied sequence identity of 20-95% to the template bovin rhodopsin sequence. This test set was regarded as a decoy dataset for testing the applications of network approaches in membrane protein structure prediction. It is assumed that the higher the sequence identity, the better the quality of a homology model. Accordingly, models with the higher sequence identity to the template sequence should display similar network measure values as native structures. Both sets of criteria also worked well for this large test set. Interestingly, the average degree of some homology models with the sequence identity up to 80% still fell shorter of the lower limit of the range derived from high-resolution native membrane protein structures (1.05 -1.48). It has been suggested that the main driving force for the folding process is the efficient packing of helices (Eilers et al., 2000) . Possibly, side chain even backbone repacking is still necessary even for these models in order to achieve the most nativelike packing.
For both test sets, the two sets of criteria worked quite well, indicating this approach could be of help to membrane protein structure validation and discrimination. On the other hand, the DFIRE scoring function seemed to perform somewhat worse on these test sets. However, it should be emphasized that this function was constructed using a database of soluble protein structures. The difference in its performance on these test sets may simply reflect the packing difference between soluble proteins and helical membrane proteins.
By applying the same approach to folds in question, and subsequently examining the network pattern of the residue packing against findings from native protein folds reported here, we can make sound judgments regarding whether the packing of a particular fold is more consistent with the native fold or not. In addition, networks provide a simplifying application for displaying structural connections that highlight the importance of a few key residues. We propose that the existence of these hub-residues is an important hallmark of native folds. We plan further studies of these hub-residues, and envision such analysis might help uncover the topological principles underlying membrane protein structures. Furthermore, new insights may be provided by applying yet unexplored network properties to native membrane protein structures.
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